Abstract: Several remote sensing technologies have been tested in precision viticulture to characterize vineyard spatial variability, from traditional aircraft and satellite platforms to recent unmanned aerial vehicles (UAVs). Imagery processing is still a challenge due to the traditional row-based architecture, where the inter-row soil provides a high to full presence of mixed pixels. In this case, UAV images combined with filtering techniques represent the solution to analyze pure canopy pixels and were used to benchmark the effectiveness of Sentinel-2 (S2) performance in overhead training systems. At harvest time, UAV filtered and unfiltered images and ground sampling data were used to validate the correlation between the S2 normalized difference vegetation indices (NDVIs) with vegetative and productive parameters in two vineyards (V1 and V2). Regarding the UAV vs. S2 NDVI comparison, in both vineyards, satellite data showed a high correlation both with UAV unfiltered and filtered images (V1 R 2 = 0.80 and V2 R 2 = 0.60 mean values). Ground data and remote sensing platform NDVIs correlation were strong for yield and biomass in both vineyards (R 2 from 0.60 to 0.95). These results demonstrate the effectiveness of spatial resolution provided by S2 on overhead trellis system viticulture, promoting precision viticulture also within areas that are currently managed without the support of innovative technologies.
Introduction
Precision viticulture (PV) aims to increase production efficiency and minimize environmental impact by overcoming the traditional uniform approach with a site-specific management based on spatial variability within the vineyard [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . The knowledge of spatial and temporal variability improves all aspects of vineyard management such as ground sampling, vines status monitoring, fertilizer distribution, phytosanitary treatments, weed control, and quality-selective harvesting [2, [11] [12] [13] . In the last three decades, advances in proximal and remote sensing technologies have provided useful and cost-effective solutions to better characterize in-field variability [14] [15] [16] [17] [18] [19] .
In viticulture, in order to obtain fast information on spatial variability, several remote sensing technologies have been tested from traditional aircraft and satellite platforms to recent unmanned aerial vehicles (UAVs) [20] [21] [22] [23] [24] . In assessing the effectiveness of these remote sensing platforms, image ground resolution, technology costs, and flight coverage range must be taken into account. The choice of one platform over another is always based on a compromise, which depends on the objectives of monitoring spatial variability and the economic and human resources available to end-users such as agricultural companies. It is undeniable that the factor that has exponentially encouraged the spread of UAV application in agriculture is the continuous advance in sensor technologies, providing higher resolution, lower weight and dimensions, and cost reduction [23, [25] [26] [27] [28] . Several authors describe a wide range of UAV applications for PV purposes: vigor and biomass [29] [30] [31] [32] [33] [34] , yield and quality monitoring [35, 36] , water stress [37] [38] [39] [40] [41] , canopy management [42] , diseases [43] [44] [45] [46] , weeds [47] [48] [49] , and missing plants [50] [51] [52] [53] .
All these papers describe applications on vertical pruning systems (VPS), the most widespread class of training systems used in quality viticulture, which presents a discontinuous spatial layout with vegetated rows alternating with soil [54, 55] . In these cases, spatial analysis of remote sensing images requires separation of the canopy from bare soil, shadows, and green cover, which can be achieved with advanced filtering techniques for canopy extraction [56] [57] [58] [59] [60] . Many authors suggest unsupervised filtering techniques in a vineyard based on a canopy height model (CHM) derived from a digital elevation model (DEM) [51, 53] , geometric structure by texture analysis [61, 62] , 3D point cloud [63] , automatic threshold on color distribution in RGB [64] , different color spaces such as HSV (hue, saturation, value), or L*a*b* (L* for the lightness from black to white, a* from green to red and b* from blue to yellow) [65] . The work suggested by Cinat et al. [65] presents an overview of those methodologies.
VPS has undoubted advantages such as the possibility of high planting densities (over 5000 vines/ha), easy mechanization, and better air circulation through vegetation [55] , but at the same time it has the disadvantage of creating a high exposure degree of the fruiting zone, so in warm climates there is a high risk of sunburn damage, especially in a global warming scenario [66, 67] .
With this premise, training systems in several areas that are capable of keeping bunches in diffused light conditions during the hottest hours of the day represent an optimal solution to maintain high yield and quality. Among the most suitable training systems to achieve this goal is the overhead trellis system, which provides full soil covering and is widely used for both table and wine grapes in Italy (tendone and pergola), Portugal (latada), Spain (parral), Argentina (parral), and Chile (parron) [54] .
Trellis systems are also able to limit the dangerous sunburn damage to berries [68] , even if an excessive shading of bunches can increase the risk of fungal diseases and possibly lead to unbalanced fruit composition. Nevertheless, it should be emphasized that in a warming climate, minimizing the exposure of grapes to high daytime temperatures is more important than other aspects [69] . Overhead trellis systems with low density (about 1500-2000 vines/ha) are commonly chosen for high yield (because of efficient light interception) and used in environments with high temperatures and low relative air humidity [68] . Many key fruit attributes such as soluble solids, color, aroma compounds, and phenols can be optimized in warm sites by reducing berry temperature with moderate fruit exposure [55] . Moreover, it is necessary to develop suitable cultivation techniques to overcome or at least buffer, in the short-and medium-term, the negative effects deriving from climate change [66, 67] . Currently, these vine training solutions are gaining interest due to the natural shading of bunches and radiative stress protection in the context of global warming [68] . In Italy, the overhead trellis systems tendone and pergola are used in many regions: Trentino, Veneto, Emilia-Romagna, Sardinia, Sicily, Puglia, and Abruzzo [69] . The tendone trellis system comprises a tall stake at each vine with two orthogonal steel wires attached 1.7-1.8 m above ground level, and a grid of steel wires supporting the shoots. Each vine has a 1.2-1.4 m tall trunk, with two branches and two fruit-bearing shoots per branch, aligned orthogonally or parallel to the grid [70] . Despite being a widespread training system, recent scientific studies concerning various aspects of grape tendone systems are not very numerous [71] [72] [73] [74] [75] and only one uses data from a remote sensing platform (i.e., satellite data for evapotranspiration valuation) [76] . In our study area, viticulture is still an emerging sector, producing a high quantity of wine (i.e., grape yield equal to 16.6 t/ha, the second highest in Italy [77] ) with low added value, therefore, it would be desirable to introduce PV techniques to sustain farmers' incomes and the environment.
In the overhead trellis systems such as tendone with full vegetation cover, a centimetric spatial resolution turns out to be less important than the possibility of obtaining a large area of monitoring with minimum cost and high acquisition frequency. Since 2015, there has been a growing focus on the potential of Sentinel-2 platforms, which has led to a minor revolution in the field of remote crop monitoring. Indeed, Sentinel-2 is free, has a high frequency of image acquisition, many spectral bands, and could be used for vegetation monitoring over time for the evaluation of crop response to agronomic inputs and for land use identification. The literature includes some papers describing Sentinel-2 validation with field measurements for woodlands [78] , mangroves [79] , forests [80] , pastures [81] , and cereal crop fields [82] [83] [84] . Few papers report spectral comparisons between Sentinel-2 and UAV platforms in semi-arid sandy areas [85] , on continuous crops such as sugarcane, rice, and soybean [86] , or wheat, barley, and rye [87] , and on discontinuous VPS in a vineyard [61] .
The primary aim of the work was to compare Sentinel-2 (S2) imagery with UAV filtered and unfiltered images on an overhead training system (tendone) with the objective of exploiting the use of satellite-free imagery for the characterization of the spatial variability of the vigor in a vineyard. Secondly, to better highlight the potential benefit for the decision making processes in viticulture of these remote sensing platforms, comparisons with quantitative and qualitative agronomic ground observation datasets were performed. In the 2015 season, a field test was conducted in two tendone vineyards located in Abruzzo (Italy), with the aim of performing Sentinel-2 data validation versus UAV high-resolution spectral images acquired in the same period, and key ground parameters such as biomass, yield, and grape composition sampled within different vigor zones at harvest time.
Materials and Methods

Experimental Design
The research was undertaken in 2015 in two vineyards, Costa di Moro (V1) (42 • 
Data Analysis
Georeferenced multispectral images were mosaicked using Agisoft Photoscan Professional Edition 1.1.6 [88] , allowing the generation of a high-resolution (0.03 m/pixel) orthophoto and a digital elevation model (DEM) of the experimental sites. A vicarious calibration based on the absolute radiance method was chosen, given that the digital number (DN) value for each pixel has a direct relationship (linear model) with the radiance detected by the sensor [89] . A radiometric calibration process was performed with MATLAB [90] to convert the digital number (DN) value for each pixel (Figure 1c ), described by Matese et al. [17] , equipped with a Tetracam ADC Snap multispectral camera (Tetracam Inc., Chatsworth, CA, USA), which records images in the visible red and green and near infrared (NIR) spectrum with nominal wavelengths of 520-600, 630-690, and 760-900 nm, respectively. The flights were performed at 70 m a.g.l. with 70% both sides overlap (forward and lateral), yielding a ground resolution of 0.03 m/pixel. All images were taken between 11:30 and 13:00, without wind, and in clear sky conditions.
Georeferenced multispectral images were mosaicked using Agisoft Photoscan Professional Edition 1.1.6 [88] , allowing the generation of a high-resolution (0.03 m/pixel) orthophoto and a digital elevation model (DEM) of the experimental sites. A vicarious calibration based on the absolute radiance method was chosen, given that the digital number (DN) value for each pixel has a direct relationship (linear model) with the radiance detected by the sensor [89] . A radiometric calibration process was performed with MATLAB [90] to convert the digital number (DN) value for each pixel in radiance, by means of three OptoPolymer (OptoPolymer-Werner Sanftenberg, Munich, Germany) homogeneous and Lambertian surface panels (95%, 50%, and 5% reflectance). The filtering elaboration step to extract pure vine pixels was performed by applying an unsupervised algorithm developed in MATLAB and described in a previous paper by the authors [65] . This algorithm identifies soil, shadow, and vines by Otsu's global thresholding, using the HSV color spectrum. The HSV color spectrum assigns to each spectral frequency, identified by the value of hue (H), a chromatic saturation magnitude (S, where 0 is white and 1 is full color) and value (V, where 0 is black and 1 is full color). The HSV directly converts the image to the HSV color space, and the saturation channel (S) is used to identify and remove shadows. Next, the non-shadowed image is filtered by applying masks based on green and NIR values on the multispectral image to identify canopy pixels from soil. The vigor spatial variability within the two study sites was then assessed by processing the normalized difference vegetation index (NDVI) [91] for both unfiltered (UAV_uf) and filtered (UAV_f) orthomosaics with MATLAB. Ground sampling was based on a tercile classified vigor map (LV = low vigor, MV = mean vigor, HV = high vigor) elaborated from UAV multispectral images with MATLAB. Sentinel-2 band 4 (RED) and band 8 (NIR) were chosen to elaborate NDVI maps with QGis [92] . To compare the influence of spectral and spatial resolution directly on the vineyard characterization in terms of biomass and yield parameters, the UAV images were resampled to the same spatial resolution as the Sentinel-2 data. A square grid-based resampling (10 x 10 m) was applied to UAV orthomosaic using the Vector Grid function in QGis.
Sentinel-2
Remote sensing images acquired by the multi-spectral instrument (MSI) aboard the Sentinel-2 satellite were used in the study. Sentinel-2A/MSI captures images in 13 spectral bands at 10, 20, and 60 m spatial resolution. After cloud and shadow screening, a total of two Sentinel-2 scenes were selected (30 August 2015 -19 September 2015 . Sentinel-2A/MSI images were atmospherically corrected for surface reflectance using the European Space Agency's (ESA) Sen2Cor algorithm (http://step.esa.int/main/third-party-plugins-2/sen2cor), which processes ESA's Level-1C top-of-atmosphere reflectance to atmospherically-corrected bottom-of-atmosphere (BoA) reflectance (Level-2A). NDVI was calculated using band 8 (NIR) and band 4 (RED) according to the formula:
providing two maps of NDVI with a support of 10 × 10 m 2 .
Ground Data Measurements
Ground sampling was performed at harvest time on 30 September 2015 for the Costa di Moro vineyard and 5 October 2015 for the Magliano vineyard based on a three-class vigor map provided by the UAV flight campaign. For both vineyards, the mean value ± standard error of each vegetative and productive parameter were derived from three single ground samples for each of the three vigor classes established in each vineyard. In both vineyards, harvesting was done when berry sugar accumulation appeared to level off on the basis of total soluble solids (TSS). Yield per vine was measured and the number of clusters per vine counted on three vines per vigor class. In each vineyard, three samples of 300 berries per vigor class were randomly collected, weighed to determine berry fresh weight, and crushed to obtain a juice sample for measuring TSS (as • Babo), pH, and titratable acidity (TA). A temperature-compensating RX 5000 refractometer (Atago-Co Ltd.) was used to measure TSS, while TA was measured using a Titrex Universal Potenziometric Titrator (Steroglass S.R.L.) by titrating with 0.1 N NaOH to a pH 8.2 end point, expressed as g/L of tartaric acid equivalent. The pH was measured with a digital PHM82 pH meter (Radiometer). Anthocyanin and phenolic contents (expressed as g/kg of grapes) were determined according to Amerine and Ough [93] and Slinkard and Singleton [94] , respectively. Leaf area was checked on 12 September 2015, randomly collecting 10 fruiting shoots from 10 vines within each vigor class. Total leaf area per shoot was measured with an AAM-7 leaf area meter (Hayashi-Denko) and calculated by multiplying mean leaf area per shoot, by shoot number per vine. During winter pruning, which in both vineyards occurred at the beginning of February 2016, canes from ten representative vines for each vigor class were weighed after pruning to estimate annual vine growth.
Statistical Analysis
NDVI features (count, mean, minimum, maximum, and standard deviation) from UAV and satellite images were extracted using the Zonal statistic plugin in QGis.
The statistical relationship between remote sensing data and grape quantitative and qualitative parameters is described by means of the determination coefficient (R 2 ).
Results and Discussion
Vineyard Spatial Variability
In this section, results of spatial variability in terms of vine vigor are presented. Vigor maps of the study sites (V1 and V2), obtained from UAV and Sentinel-2 images (30 August and 19 September 2015) are reported in Figure 2 . From a visual inspection of the NDVI maps, both UAV and Sentinel-2 show the same trend in terms of vigor for each vineyard as reported also by Nonni et al. [95] . Analyzing Figure 2a ,c,e, the V1 vineyard is characterized by a low vigor zone in the north part as a consequence of sloping and stony soil that encourages loss of water by gravity and fast drainage. The rest of the vineyard presents higher vigor values, with a few exceptions of low vigor sub-zones (i.e., the south-eastern part) due to the presence of active limestone zones, which is another explanation of that variability in vegetative growth [96, 97] . In V2, vigor distribution (Figure 2b ,d,f) presents two different zones: high value (green) in the north part and low value (red) in the south. Both zones are surrounded by medium vigor values. This vigor distribution could be explained by competition for water and nutrients and by the nitrogen in primis due to the presence of olive and poplar plants close to that area.
The two sets of maps from Sentinel-2 (images of 30 August and 19 September 2015) show a similar vigor distribution pattern for each vineyard following a chronological comparison, even if in the second one there is a decrease in vigor, especially in V2 (Figure 2f ). This is due to the different phenological stage: On 30 August 2015, berry ripening is almost complete, but all leaves are green and have full photosynthetic activity, while on 19 September 2015, in the pedoclimatic conditions of the study site, some leaves, especially the basal ones aged more than 4-5 months, have already started to lose chlorophyll and begin the senescence phenomena. Focusing on the difference between From a visual inspection of the NDVI maps, both UAV and Sentinel-2 show the same trend in terms of vigor for each vineyard as reported also by Nonni et al. [95] . Analyzing Figure 2a ,c,e, the V1 vineyard is characterized by a low vigor zone in the north part as a consequence of sloping and stony soil that encourages loss of water by gravity and fast drainage. The rest of the vineyard presents higher vigor values, with a few exceptions of low vigor sub-zones (i.e., the south-eastern part) due to the presence of active limestone zones, which is another explanation of that variability in vegetative growth [96, 97] . In V2, vigor distribution (Figure 2b ,d,f) presents two different zones: high value (green) in the north part and low value (red) in the south. Both zones are surrounded by medium vigor values. This vigor distribution could be explained by competition for water and nutrients and by the nitrogen in primis due to the presence of olive and poplar plants close to that area.
The two sets of maps from Sentinel-2 (images of 30 August and 19 September 2015) show a similar vigor distribution pattern for each vineyard following a chronological comparison, even if in the second one there is a decrease in vigor, especially in V2 (Figure 2f ). This is due to the different phenological stage: On 30 August 2015, berry ripening is almost complete, but all leaves are green and have full photosynthetic activity, while on 19 September 2015, in the pedoclimatic conditions of the study site, some leaves, especially the basal ones aged more than 4-5 months, have already started to lose chlorophyll and begin the senescence phenomena. Focusing on the difference between vineyard sites, it can be noted that V1 has a lower plant vigor due to the marked ground slope (6%-7%) and poor soil organic matter content.
Ground Data
Ground data relating to vegetative and productive parameters sampled in different vigor zones are given in Table 2 . As might be expected, the purely quantitative parameters (yield, bunch weight, pruning biomass, and leaf area) increase with vigor, showing for all parameters almost double the values in the high vigor areas with respect to the low ones (i.e., yield increases from 4.07 to 8.27 kg/vine in V1 and from 4.20 to 10.33 kg/vine in V2, due to highest bunch weight). The reduction of bunch weight in lower vigor areas of both vineyards was caused by lower berry weight (−24% in V1 and −31% in V2) and fewer berries per bunch (precisely −27% in V1 and −29% in V2). Analyzing grape composition, the sugars content did not show significant changes according to vigor, whereas titratable acidity showed higher values in high vigor areas (+0.66 g/L in V1 and +0.70 g/L in V2) linked with a weak vegetative growth and foliage mass and then a higher temperature at bunch level. During ripening, the organic acids in the must, especially malic acid, are used as a substrate for respiration according to temperature [98] .
It can be observed that in the V2 vineyard, the agronomic parameter values are on average higher than those in V1, except that of titratable acidity. These differences can be attributed both to the soil's physical and chemical properties and to a water deficit and radiative-thermal excesses that occurred in V1 due to its southern exposure and 6%-7% slope.
The results of analyzing ground data by means of NDVI class can be summarized as follows (mean values from two vineyards):
1. HV zone: Vines are characterized by high yield (13.1 and 16.5 t/ha of grapes in V1 and V2, respectively. Data estimated from plant yield, vine spacing, and vineyard area), good technological parameters (~19 • Babo for sugars, 5.6 g/L for titratable acidity, 1.68 and 2.78 g/kg of grapes for anthocyanins and total polyphenols, respectively, and balanced vegetative-reproductive indexes (1.3 m 2 leaf area/kg grape and~5 kg grape/kg pruning wood).
2. MV zone: Vines have lower yield in comparison to the Green zone (−20% in V1 and −26% in V2), similar technological parameters and anthocyanins and total polyphenols content (on average 1.70 and 2.75 g/kg of grape) as well as lower vigor (−23% and −25% of pruning wood and −43% and −41% of leaf area per vine) than in the green zone.
3. LV zone: Weak vines are characterized by a strongly limited leaf surface and shoot development and by more than halved grape yield compared to the more vigorous plants in the green area. The vine canopy has a low light interception capacity and covers only 55%-60% of the total space available for each plant (6.25 m 2 ). The grapes have barely enough technological maturity (sugar and acidity) and total polyphenol content (on average 2.74 g/kg of grapes), while they were strongly deficient in anthocyanins with only 1.24 g/kg of grapes. This last result can be easily explained in that the decrease in anthocyanin accumulation under high temperatures (as seen in the grapes not covered by leaves, as occurs in low vigor areas) results from anthocyanin degradation as well as the inhibition of mRNA transcription on the anthocyanin biosynthetic genes [99] .
NDVI Comparison: UAV vs. Sentinel-2
This section shows the results of the NDVI comparison between UAV and Sentinel-2. In particular, Figure 3 As might be expected and was reported by Khaliq et al. [61] , in both vineyards and images, S2 data show higher correlation with UAV_uf than UAV_f, except for V2 in August (same R 2 value equal to 0.57) ( Table 3 ). The improved efficiency of filtering UAV images is due to soil and shadow pixel removal, which impacts on NDVI, causing lower and higher values, respectively.
The correlations between S2 and UAV (filtered and unfiltered) are higher in the V2 vineyard for both S2 images (30 August and 19 September 2015) . This could be explained by taking into account the different spatial distribution pattern of vigor between the two vineyards. Specifically, V2 was characterized by larger clusters of vegetation, while V1 had greater heterogeneity, especially in the south part. Confirming the results of Matese et al. [23] , in the case of a vineyard having large vegetation clusters (V2) with a spatial gradient variability (trend), lower resolutions seem more informative, providing similar results in both platforms with respect to more irregular vegetation distribution in the cases of V1 (south part). The work of Kaliq et al. [61] is the only previous work available on the relationship between UAV and S2 data in viticulture. The authors focused on an effective filtering approach to remove inter-row pixel contribution on a row-based vineyard. That work achieved lower correlated results (0.55-0.72 Pearson correlation coefficients range) compared to our work, probably due to a different data analysis approach applied on a different training system architecture. As might be expected and was reported by Khaliq et al. [61] , in both vineyards and images, S2 data show higher correlation with UAV_uf than UAV_f, except for V2 in August (same R 2 value equal to 0.57) ( Table 3 ). The improved efficiency of filtering UAV images is due to soil and shadow pixel removal, which impacts on NDVI, causing lower and higher values, respectively. The correlations between S2 and UAV (filtered and unfiltered) are higher in the V2 vineyard for both S2 images (30 August and 19 September 2015) . This could be explained by taking into account the different spatial distribution pattern of vigor between the two vineyards. Specifically, V2 was characterized by larger clusters of vegetation, while V1 had greater heterogeneity, especially in the south part. Confirming the results of Matese et al. [23] , in the case of a vineyard having large vegetation clusters (V2) with a spatial gradient variability (trend), lower resolutions seem more informative, providing similar results in both platforms with respect to more irregular vegetation distribution in the cases of V1 (south part). The work of Kaliq et al. [61] is the only previous work available on the relationship between UAV and S2 data in viticulture. The authors focused on an effective filtering approach to remove inter-row pixel contribution on a row-based vineyard. That work achieved lower correlated results (0.55-0.72 Pearson correlation coefficients range) compared to our work, probably due to a different data analysis approach applied on a different training system architecture.
Ground Data and Remote Sensing Platforms Correlation
To compare different remote sensing platforms, correlation with ground data is pivotal to validate results as reported by several studies [78, 79, 85] . Table 4 shows the correlation matrix between ground data (see Table 2 ) and NDVI from remote sensing platforms (unfiltered and filtered UAV and Sentinel-2). There is a good correlation between NDVI from the UAV and from the satellite for quantitative agronomic parameters (yield, bunch weight, pruning wood, and leaf area) in both V1 and V2 vineyards and for both S2 image acquisition dates, with R 2 varying from 0.60 for pruning biomass with S2 in V1 in September to 0.95 for yield with UAV_f in V2. Titratable acidity has a fluctuating trend but with low-medium R 2 values, except for UAV_f in V2, where R 2 is 0.69. Sugars do not seem to be correlated with the NDVI index in either vineyard nor with all remote sensing platforms; R 2 values ranged from 0.02 to 0.20 in August and September S2 images, respectively, in V1, with a peak of 0.33 in the V2 vineyard with UAV_f. Those results are in line with general knowledge, according to which NDVI is well correlated to quantitative agronomic parameters (i.e., yield, bunch weight, pruning wood, and leaf area) while the correlation is quite weak with respect to the qualitative parameters (i.e., titratable acidity and sugars) [20, 100, 101] . The slight difference between UAV_uf and S2 in some R 2 values for quantitative agronomic parameters, such as bunch weight, pruning biomass, and leaf area in V1 on both S2 image acquisition dates and pruning biomass in August and leaf area in September in V2, could be explained by the time gap of 10 and 9 days, respectively, between the UAV flight and the available S2 images of 30 August and 19 September 2015. As might be expected, in both vineyards, filtering technique, which allows only the pixels representing crop canopies in the correlation with ground data to be analyzed, slightly improves the already high R 2 values of the unfiltered images. Exceptions were found in V1 for sugars and pruning biomass parameters in UAV_f with similar (0.10 vs. 0.10 R 2 ) or lower (0.76 vs. 0.73 R 2 ) correlation values than UAV_uf.
In V1 and V2, S2 has a high correlation coefficient (R 2 ) for agronomic parameters closely related to biomass production such as yield, bunch weight, pruning wood, and leaf area (with values ranging from 0.60 for pruning biomass to 0.88 for yield in both V1 and in September). This trend (high R 2 value) is similar for both S2 image acquisition dates, even if August S2 image has a better fit with respect to quantitative agronomic parameters (except for yield) due to low plant senescence in August.
According to the aim of this study, S2 correlation values are very similar to those of UAV_uf, demonstrating the effectiveness of spatial resolution provided by Sentinel-2 on crops with a continuous canopy such as an overhead trellis system. In contrast to the first comparison of S2 and UAV in a vineyard [61] , which described an accurate spectral analysis on a row-based trellis system with visual vigor assessment validation, a strong point of this work is the high ground validation measurements related to yield, quality, and biomass parameters. The influence of bare soil plays a critical role in remote-sensing crop-monitoring approaches, strongly affecting the plant vigor estimation. In the case of bare soil, filtering methods applied to high resolution images provide the best solution for an effective analysis of crop spectral response. The S2 approach shows very good results in tendone systems, and the presence of limited zones with missing plants and bare soil (V1 ≤ 4%; V2 ≤ 2%) does not strongly affect our spectral and agronomical analysis.
Conclusions
This study performed a Sentinel-2 data validation versus UAV high-resolution images and ground key parameters such as biomass, yield, and grape composition sampled within different vigor zones at harvest time.
In terms of vineyard spatial variability, a visual inspection of UAV and Sentinel-2 NDVI maps shows the same vigor trend for each vineyard. For the NDVI values after the filtering technique, in both vineyards, Sentinel-2 data show a higher correlation with UAV_uf than UAV_f. As further proof of comparable outcomes between two remote sensing platforms, Sentinel-2's lower resolution provides similar results with respect to UAV_uf, especially in the vineyard characterized by large vegetation clusters. This study also shows the good correlation between NDVIs elaborated from both platforms and agronomic key parameters, with a marginal improvement for the filtered UAV data. These results demonstrate the effectiveness of the spatial resolution provided by Sentinel-2 on an overhead trellis system viticulture, as already well-proven on other continuous crops, suggesting the diffusion of innovative technologies for site-specific management for an emerging viticulture area with low value-added production thanks, above all, to the free images provided by Sentinel-2.
Beyond the results of the present study, some of the future challenges facing the use of Sentinel-2 in PV concern the correlation and validation with biomass and production parameters in row-based vineyards given the inter-row spectral contribution due to the presence of bare soil, grass cover, and shadow pixels.
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